This paper delineates the development of a prototype hybrid knowledge-based system for the optimum design of liquid retaining structures, OPTLIQ, by coupling the blackboard architecture, an expert system shell VISUAL RULE STUDIO and genetic algorithm (GA). Through custom-built interactive graphical user interfaces under a user-friendly environment, the user is directed throughout the design process, which includes preliminary design, load specification, model generation, finite element analysis, code compliance checking and member sizing optimization. For structural optimization, GA is applied to the minimum cost design of structural systems with discrete reinforced concrete sections. The design of a typical example of the liquid retaining structure is illustrated. The results demonstrate extraordinarily converging speed as near-optimal solutions are acquired after merely exploration of a small portion of the search space. This system can act as a consultant to assist novice designers in the design of liquid retaining structures.
Introduction
The design of liquid retaining structures is specialized and requires assimilation of knowledge from heuristics, research findings and standard engineering methodology. Since these types of structures are exposed in corrosive environment, crack width control is, among others, very crucial in the design. As deviations often exist between the assumed properties of components at the preliminary design stage and their counterparts determined at the detailed design stage, re-analysis will be entailed and iterative steps such as configuration processing, numerical modeling, structural analysis, code conformance checking and sizing optimization are usually involved. It was not easy to code those empirical rules or expert knowledge in a conventional algorithmic or sequential framework. Previous computer-aided design was mainly through loose coupling of individual programs on the captioned sub-processes, which entail intensive knowledge of the structural designer and are prone to human errors during the data transferring processes. As such, an integrated as well as user-friendly system is valuable for storing and employing the expertise.
Recent advances in knowledge-based system (KBS) technologies have rendered it possible to incorporate the heuristic knowledge into the conventional algorithmic structural analysis models. A KBS can be defined as an interactive computer-based decision-making tool that emulates the intensive expert knowledge in a specific domain problem. During the last decade, KBSs have been widely adopted to solve problems in many different disciplines (Chau 1992 , Chau et al. 2002 , Chau and Ng 1996 , Chau and Yang 1992 , Chau and Zhang 1995 . For application in structural design, the KBS framework is in addition required to couple symbolic processing and extensive numerical processing. Examples of such systems by employing various representation schemes are INDEX (Kumar 1995) and LADOME (Lin and Albermani 2001) . However, none of these KBSs appear to have incorporated the recent structural optimization techniques.
In the past, a myriad of mathematical programming algorithms, which usually assume continuous design variables and simple constraints, have been developed for the optimum design of structural systems. Some popular methods, such as calculus-based gradient techniques, entail the construction or approximation of derivative information and yet may only attain local optima. In practical structural design problems, owing to the availability of standard practical sizes and their restrictions for construction and manufacturing purposes, the design variables are always discrete. In our case for instance, in order to optimize reinforced concrete structural systems, design variables, which are concrete cross-sectional area, reinforcement diameter and reinforcement spacing, should be considered as discrete quantities in practice. However, only very few algorithms have dealt with the optimization of structures under the actual design constraints of code specifications. In fact, it is more rational to use discrete variables during the evaluation process of optimization since every candidate design is a practically feasible solution. This may not be the case when the design variables are continuous, since some of the designs evaluated in the optimization procedures are merely mathematically feasible. This issue can have great significance in solving practical problems of design optimization.
In recent years, genetic algorithms (GAs), which are applications of biological principles into computational algorithm, have been employed to attain the optimum design solutions (Goldberg and Kuo 1987) . By applying the principle of survival of the fittest into the optimization of structures, they are particularly amenable to deal with discrete optimum design problems. Besides, they entail only minimum subsidiary information, i.e. on objective function value, to direct the search, yet they are able to search through large spaces quickly. Owing to the processing leverage associated with GAs, the method has a much more global perspective than many commonly employed optimization techniques. However, as far as structural optimization is concerned, literature review shows that steel structures are usually dealt with (Hayalioglu 2001) .
In this study, a genetic algorithm (GA) is incorporated into the KBS on the optimum design of reinforced concrete structures subjected to the actual constraints of the British Standard on design of concrete structures for retaining aqueous liquid, BS 8007, employing actual reinforced concrete sections as discrete design variables. When compared with optimum design of steel structures, it should be noted that reinforced concrete structures involve more design variables as it deals with more than a single type of material, namely, concrete and steel reinforcement. Besides, the objective function in the optimization of steel structures can be the minimum weight or cost which are representing the same situation whilst their counterparts of reinforced concrete structures have to be minimum material cost. It is because more than one material are involved and the unit cost of concrete is normally different from that of reinforcement.
In civil engineering, applications of machine learning are still rare. GAs are considered a means of machine learning and it is worthwhile to study its capability to implement knowledge acquisition under a KBS paradigm. Whilst there are numerous applications of KBS or genetic algorithms, a hybrid KBS with GAs has not been found. As such, the objective of this study is to develop a microcomputer-based hybrid KBS that can bring all the design stages, comprising structural optimization with GAs in particular, together into a single and user-friendly environment. It can offer assistance and advice to the design engineer in making decisions. Increase in efficiency, improvement, standardization and optimization of design output and automated record keeping are among the benefits of this hybrid KBS.
Programming Development Environment
The KBS development environment for OPTLIQ is VISUAL RULE STUDIO, which acts as an ActiveX Designer under the Microsoft Visual Basic programming environment. VISUAL RULE STUDIO is an application development environment that combines expert system technologies with object-oriented programming, relational database, graphics capabilities and debugging tools. It furnishes a variety of knowledge representation schemes, different inference mechanisms and capabilities to interface with external programs in windows environment. VISUAL RULE STUDIO provides an interactive windows-based user interface that runs under the conventions of Microsoft Windows.
Architecture of Hybrid System
On the basis of the nature of structural design, the selected knowledge base shell as well as its capability in coupling all design stages for liquid retaining structures, blackboard architecture is adopted here (Engelmore and Morgan 1988) . The well-organized architecture can facilitate the communication between diversified knowledge modules involved in the structural design process as well as future extension. Figure 1 shows the architecture of the KBS and the relation between various components of OPTLIQ. The knowledge base is mainly composed of knowledge modules and the blackboard. Knowledge modules correspond to procedural expertise knowledge in solving design problem and are divided into two groups, namely, Design Process and Process Control. The design process can be subdivided into subtasks, each of which can be performed corresponding to a particular expertise within the knowledge base. Message communications between Design Process knowledge modules and Process Control knowledge modules have to effect via the blackboard.
The blackboard contains only declarative knowledge and is divided into two groups, namely, Design Entities and Design Stage. The Design Entities can be considered the breakdown of design concepts of liquid retaining structures. A typical example of objects in the blackboard is Wind Load. The properties of Wind Load are expressed by using several attributes, which is detailed in Figure 2 . In this example, the attribute type of terrainCategory is compound, which means that it can take only one of the specified values "general terrain" or "builtup terrain". Its search order is session context only, meaning that, in determining its value, the system context is searched. The attribute type of basicWindPressure is numeric, which means that it must have a numerical value. Its search order list is rules only. The class in Design Stage includes a number of attributes that represent indicators tracking the current stage of every design context. The knowledge represented in this level will handle the order of execution via the Process Control knowledge modules.
Knowledge Acquisition and Representation
Knowledge acquisition is mainly from literature, including handbooks, standards and codes, and interviews with experienced designers on liquid retaining structures. The domain knowledge of OPTLIQ, such as the minimum percentage of reinforcement, maximum percentage of reinforcement, minimum grade of concrete, etc. is obtained, which is then translated into rules or methods. For instance, the following rule group is expressed using the Production Rule Language, representing knowledge on the determination of bending moments and shear forces in preliminary design. 
Interfacing Facilities
Microsoft Visual Basic offers the interfacing facilities where the execution of external program can be achieved by using a command "SHELL external program name". All data communications are effected in a fully integrated fashion. Once the execution of the external algorithmic program is done, the KBS resumes its design session environment. Following preparation of the input file in model generation, the nonlinear finite element analysis package ABAQUS is executed. The output data files are saved in the knowledge base for retrieval and manipulation. The KBS is not only aimed to act as a front-end to this finite element package, but also to encapsulate knowledge on the entire design process. In order to achieve the optimum design, structural re-analysis is often inevitable.
Whilst existing algorithmic models generally deal with numerical data input only, the novice user usually finds it more convenient to express information in a natural language. The numerical model generator functions to convert these linguistic variables entered by the user to numerical format conforming to stipulations of the analysis package. The code conformance checking module is used to check the code requirements of BS 8007 (British Standards Institution 1987) . The communication between the programs and the knowledge base is performed mainly through the objects and attributes. When a consultation pertinent to extensive data is made to the system, external Access database files are accessed. The database is composed of structural properties of reinforced concrete sections, moment and shear coefficients for various configurations in preliminary design, structural properties of proposed alternatives and final member details in detailed design.
Explanation Facilities
Explanations of liquid retaining structure types, procedures to design various design loading, various code provisions and expert comments regarding design of liquid retaining structures are included in the explanation facilities via the Help button. The explanations consist of built-in specific texts together with associated values of design parameters generated by the knowledge base during system run time.
User Interface Facilities
The user interface facilities allow the user to specify all design requirements and acquire output result from interactive design consultation. Graphical user interfaces, consisting of layers of display screens and pop-up windows are used for messages transfer and hence input, handling and interpretation of data and information have been greatly simplified. During the design process, subjected to conformance with Process Control knowledge modules, the user has the control over the sequence of the actions. Communications with the system are directed mostly through selection of appropriate values or parameters from menu and through replying answers to the queries asked by the system.
Major Design Tasks
Major design tasks performed by the KBS are preliminary synthesis, detailed specification, numerical model generation, nonlinear structural analysis, code conformance checking, and member sizing optimization. The system applies some engineering heuristics such as approximate analysis using span depth ratio, crack width computation and moment and shear coefficients for different length and width ratios to evaluate each alternative. Through the GA optimization module, the alternative with the minimum cost will be recommended by the system as the selected proposed alternative.
During the detailed specification stage, the system generates default loading and support conditions, which can be modified by the user. If the liquid retaining structure is chosen to be underground, the user is required to enter level of ground surface, level of water table, specific weight of soil and active soil pressure coefficient. If the structure is above the ground, the wind loading is calculated according to the Code of Practice for Wind Effects in Hong Kong (Hong Kong Building Development Department 1983) . Various load combinations according to BS 8110 (British Standards Institution 1985) are considered.
An iterative process of numerical model generation, finite element analysis, code conformance checking and optimization of structure are then involved. Upon receiving the requisite messages from the knowledge base, a structural model tailor-made for ABAQUS is automatically prepared by the model generator, thus relieving the user of the cumbersome task to manipulate a large amount of data manually. The system evaluates the structural stability from the analysis results and furnishes post-processing. The system then proceeds to check the structural members according to BS 8007. The computed crack width has to be less than the prescribed crack width.
Structural optimization of the structure involves sizing the components under the constraints of the structural adequacy as well as the crack width requirements, which is effected by GAs as depicted in the following sections. The optimum section is then compared with the original section used in the preceding structural analysis. This phase of design typically involves several iterations until convergence is accomplished. Figure 3 is the flowchart showing the overall design algorithm of OPTLIQ. Holland (1975) has put forward the GAs as an optimization method, which apply the concept on the artificial survival of the fittest coupled with a structured information exchange using randomized genetic operators taken from the nature. GAs differ from traditional optimization algorithms in aspects such as working on coded design variables, population processing, probabilistic operators, and separation of domain knowledge from search. GAs exploit efficiently useful information subsumed in a population of solutions with better performance, by employing operations to generate a new and improved population of strings from an old population. This iterative process to generate and test a population of strings mimics a natural population of biological creatures. GAs search from a population of strings and climb many peaks in parallel simultaneously, hence lowering the probability of locating local optima. GAs require that alternative solutions be coded as strings, which may comprise concatenation of some substrings so that each substring represents a design variable. Individuals and the characters are termed chromosomes and artificial genes, respectively.
Optimization by GAs
The reproduction operator applies the principle of survival of the fittest in the population. Strings with better objective function values, representing more highly fit, receive more offspring in the mating pool. The crossover operator leads to the recombination of individual genetic information from the mating pool and the generation of new solutions to the problem. In the present work, a two-point crossover is utilized. A mutation operator is applied so as to avoid being trapped in local optima and to preserve the diversification among the population in the search. This operator is applied to each offspring in the population with a predetermined probability, termed the mutation probability.
Formulation of Optimum Design Problem
The set of design variables, including the thickness of concrete slab, the diameter of reinforcement bar and the bar spacing, is determined so that the total material cost of the structure comprising n groups of member,
min
(1)
is minimized subject to crack width and stress constraints. In eq. (1), U i and V i represent the unit cost and the concrete volume of member i respectively. R i and W i are the unit cost and the weight of steel reinforcement of member i respectively.
The serviceability limit state or crack width constraint is
where W a is the actual crack width and W max is the prescribed maximum crack width depending on the exposure environment. W a , is determined using the following formula:- where a cr is the distance from the point considered to the surface of the nearest longitudinal bar, ε m is the average strain for calculation of crack width allowing for concrete stiffening effect, c is the minimum cover to the tension reinforcement, h is the overall depth of the member and x is the depth of the neutral axis (British Standards Institution 1987).
The stress constraints, representing the ultimate limit states of flexure and shear resistance, are expressed in terms of the following equations (British Standards Institution 1985) for members subject to bending and shear force:
where M au is the actual ultimate bending moment, M ult is the nominal ultimate moment capacity of the reinforced concrete section, V a is the actual ultimate shear force and V ult is the nominal ultimate shear capacity of the section. The ultimate moment capacity is determined by the following equations, depending on whether concrete or steel stresses is more critical. The above is then converted into an unconstrained problem by employing a transformation based on the violations of normalized constraints (Hayalioglu 2001) . The normalized form of constraints can be expressed as follows:
The unconstrained objective function ϕ(x) is written as
where K is a penalty constant to be selected depending on the problem and
The penalty parameter largely depends upon the degree of constraint violation. In this case, values of 10 and 100 have been attempted and it is found that the results are not sensitive to these two values.
The minimum of the unconstrained function ϕ(x) is searched by the GA, with the best individual having the maximum fitness. In this study, the fitness value is acquired by subtracting from the summation of the maximum and minimum values of the objective function. This ensures that all the fitness values are non-negative and individuals acquire fitness values in accordance with their actual merit. The expression becomes
where F j is the fitness of the j-th individual in the population, ϕ(x) max and ϕ(x) min are the maximum and minimum values of ϕ(x) among the current population respectively and ϕ j (x) is the objective function value computed for the j-th individual. Computation of the fitness of an individual requires the values of crack width and stresses in the structural system from the results of the finite element analysis. Figure 4 shows the flowchart of GA for optimum design of reinforced concrete sections in liquid retaining structures. It is programmed under Microsoft Visual Basic programming environment. The starting population is first randomly constructed. The binary codes for the design variables of each individual are decoded and their sequence numbers in the available slab thickness, bar diameter and bar spacing are found. Based on the responses of the structure, the value of unconstrained function ϕ(x) for each individual is computed. The maximum and minimum values of this function in the population are determined and hence the fitness value for each individual is determined.
Optimum Design Algorithm
By applying the reproduction operator, the individuals are copied into the mating pool according to their fitness. A proportionately higher probability of reproduction selection, s j , is given to those strings with higher fitness values F j according to the following distribution
where P size is the population size. As the number of individuals in the next generation is also the same, the individuals with small fitness die off.
After the mating pool is created, individuals are coupled to generate offspring using a twosite crossover. A set of crossover parameters, consisting of a match and two cross sites, are generated randomly. The genetic operation of crossover is performed on each mated pair with a certain probability, referred to as crossover probability. Suppose that two strings X and Y of length 11 are the mating pair with the following genes 11  10  9  8  7  6  5  4  3  2  1   ,  ,  ,  ,  , 
wo cross sites cs 1 and cs 2 are randomly selected and two new strings are created by in the (14a) utation is then applied to each offspring in the new population, which flips the gene of an he above steps are then iterated until the distance between the maximum and the average ning pplication Case f liquid retaining structure is used to illustrate the application of OPTLIQ.
gned reliminary Design e system, the main menu screen is displayed as shown in Figure 5 . T fitness values of the current population is less than a certain threshold. The optimum values obtained from interactive optimization can then be added to the knowledge base, which is effectively extended through machine experimentation. Machine learning can be effected since the final optimum structural section under the specified loading and geometrical configuration from the finite element structural analysis is added to the database contai the heuristics during the preliminary design. The system can also be used as a means for testing the available empirical knowledge from the model run.
A
A typical example o A rectangular shape liquid retaining structure with two compartments located above the ground, having a volume of 100 m 3 , a depth of 5 m and breadth/width ratio of 1.2, is desi under a severe exposure environment, i.e. the maximum design crack width is 0.2mm. P Upon execution of th During the preliminary design stage, heuristics are used to evaluate different alternatives system searches the databases on moment and shear coefficients and on sectional properties and suggests an initial member thickness of 225 mm with reinforcement diameter 10 mm at 100 mm spacing as the most suitable alternative. The user can choose between system's selection and user's selection and, in this case, the system's selection is opted.
D
Detailed design specifications, as show iterative process of numerical model generation, structural analysis, code conformance checking and optimized member sizing is commenced next.
S
The practically available values of L 1 = (200, 225, 250, 300, 350, 400, 450 , 500, 600, 700, 800, 900, 1000) (mm).
(15a) 2 = (10, 12, 16, 20, 25, 32, 40) (mm) . (15b) oding is adopted for the design variables because it is easy to handle. The total length of the nd ith gh own in the first and second olumns of Table 1 (100, 125, 150, 175, 200, 225, 250, 275 , 300) (mm).
(15c)
There are 13, 7 and 9 different values for the three design variables respectively. A binary c string becomes eleven, with two substrings of length four, representing the slab thickness a the bar spacing, and one substring of length three, representing the bar diameter. The population size, the crossover probability and the mutation probability are selected as 10, 0.95 and 0.01, respectively. These values are consistent with other empirical studies w high crossover probability, low mutation probability, and moderate population size, althou it is found that GAs are not highly sensitive to these parameters.
The individual numbers and the strings generated randomly are sh c corresponding values of the three design variables for each individual in the population, which can be acquired by decoding the first substring of length four, second subs length three and last substring of length four, respectively. Column six gives the costs of structure for the design represented by the individual strings. Values of the objective func which account for the possible violation of constraints, are given in column seven. It can be seen that constraints are violated for individuals 1, 4, and 10. Table 1 shows that the individual 3 is the best fit since it has the least cost ($45296) among the ten individuals and has not violated any constraints. Fitness values are computed for all the ten individua shown in column eight. By applying the proportionate probability of reproduction selection, the actual count of individuals in the mating pool is shown in column nine. As shown in column ten, a mating pool is created where individuals 1,2,5,6,8, and 9 get one copy each, individuals 3 and 7 get two copies, and 4 and 10 die off. The crossover operator is then applied and the crossover parameters generated, including the mating pair and the cross site are shown in columns eleven, twelve and thirteen. Since there are ten individuals in the population, there are five matching pairs selected randomly. Individual 1 gets 6, 2 gets 8, 3 gets 7, 4 gets 5, and 9 gets 10. The population after the crossover becomes the initial population of generation 2, which is processed as shown in Table 2 . Figure 7 shows the relationship between the minimum cost versus the fo concrete section of member thickness 300 mm with reinforcement diameter 25 mm at spacing 225 mm, is found after 5 generations. It is interesting that near-optimal results are obta after only 5 generations (approximately 48 new function evaluations) even though the size of the search space is huge (2 11 = 2048). The number of points explored is small and represents only 2.3% or so of the total search space.
Since the population size may play an impo th performed. In that case, as shown also in Figure 7 the same minimum cost is found after 6 generations. Again, in order to acquire the near-optimal results, the number of points explored is small and represents only 2.2% or so of the total search space. Figure 8 shows the final design report that provides the type of structure, location, volume, selected reinforced concrete section, total number of node, total number of element, calculated crack width, maximum bending moment, shear force and the corresponding member number at both ultimate and serviceability limit states. The values acquired from the final design, together with detailed specifications, can be added to the knowledge base to improve the existing heuristic knowledge.
Design Report

Conclusions
A coupled microcomputer KBS on optimum design of liquid retaining structure (OPTLIQ) was implemented to combine expert knowledge with GA optimization, object-oriented programming, graphics capabilities, KBS technologies, conventional algorithmic models and relational databases under a windowing environment. The prototype system undertakes all major design stages including preliminary synthesis, detailed specification, numerical model generation, finite element analysis, code conformance checking, and member sizing optimization. The incorporated GA encapsulating reproduction, crossover, and mutation operators locates the optimal solution quickly after examining a minute portion of the discrete design alternatives in the design of liquid retaining structures. The system will be an ideal research tool to validate and enhance our empirical knowledge, which in turn may lead to more efficient and optimized structural design. It can act as a repository of empirical knowledge provided by experienced specialists. 
